Abstract
Introduction
Randomized controlled trials are fundamental to the advancement of medicine, enabling the most rigorous testing of interventions for the prevention, diagnosis and treatment of diseases and conditions. The goal of any well-designed clinical trial is to answer a clinical question as decisively and inexpensively as possible, while ensuring that a large enough sample size of patients is included in the trial. Thus, an important step in the design of clinical trial experiments is the definition of target population, or the determination of eligibility criteria, to ensure an optimal sample size of enrollment in a trial with measurable outcomes 1, 2 . Various information theoretic approaches have been investigated in order to address this design question in clinical trials 1, 3 .
Knowledge reuse and management for clinical trial eligibility criteria has been an important goal of the medical informatics research community since the 1980s 4 . Most of these efforts have been focused on improving the formalism or computability of eligibility criteria, with relatively few studies focusing on their content management, largely due to the challenges in parsing free-text eligibility criteria. One of the notable efforts for the latter is the standardization of core eligibility criteria led by Niland 5 . With the advancement of medical language processing in the medical informatics community in the past two decades, we are presented with new opportunities for efficient and scalable knowledge acquisition from free-text clinical trial eligibility criteria 6, 7 . In this paper, we aim to gain a temporal understanding of frequently used patient characteristics in the eligibility criteria of cancer clinical trials.
Trend analysis has been routinely used in clinical research to gain temporal knowledge. Huang et al. studied the surge in vitamin D deficiency patients between 2007 and 2010 8 . The surge was attributed to vitamin D deficiency screening for preventive care. Carle compared various ways of fitting multi-level models on survey data for children with special healthcare needs 9 . Bieler et al. assessed the health risk for a group of white adults who were unable to afford prescription medication 10 . Rosenburg confirmed the trends of lower mortality rates for mothers during childbirth (along with trends for other conditions) 11 . These studies have generally addressed one condition or one group at a time, which may limit the generalizability of their findings. Therefore, we aim to examine multiple conditions altogether in our study.
We have previously conducted the trend and network analysis of common eligibility features in cancer trials by (a) identifying frequently used eligibility features for clinical trials of a particular cancer, or, across different cancer types and (b) by visualizing features that were adopted or abandoned over time 12 . Extending that study, this study contributes a more fine-grained quantitative method to answer the following questions: (1) Can we identify concepts which are consistently increasing or decreasing in incidence across the clinical trials for all cancer types? (2) Do certain concepts show anomalous trends in use for only a particular type of cancer trial, while showing opposing trends for all other cancer types? Can this be explained in terms of available medical literature? (3) For a specific cancer type (e.g. breast cancer), can we group concepts as having similar or complementary trends? Furthermore, this study investigates 89 different cancer types in parallel to inform effective design of a large section of cancer trials.
The paper is organized as follows: The Methods section describes the organization and pre-processing of the dataset along with the tools used for the trend analysis. In the Results section, we provide numerical evidence to answer the questions mentioned above. Possible explanations of these answers are discussed in the Discussion section, followed by concluding remarks.
Methods

Dataset
As of May 2015, the free-text eligibility criteria of 32,000 distinct clinical trials for 89 cancer types, each having at least one trial (see list in Error! Reference source not found.) between the years 1999 and 2014, were downloaded from ClinicalTrials.gov 13 . The clinical trials were grouped by these 89 cancer types based on the values in their condition fields in ClinicalTrials.gov and stamped by their start dates. The number of clinical trials belonging to a particular cancer type ranged from 5,370 (breast cancer) to 3 (AIDS-related cancer).
Preprocessing and Concept Recognition
For each trial, the eligibility criteria text was first pre-processed and split into sentences. All the sentences were further parsed using a previously reported dictionary matching algorithm 14, 15 , which utilizes the Unified Medical Language System (UMLS) 16 to identify clinical concepts in an unsupervised fashion. The UMLS ontology was designed by experts in order to cross-walk major biomedical terminologies or ontologies and provides comprehensive medical knowledge. It consists of concepts from various sources and includes definitions as well as the relations and semantic mappings of the concepts. Each concept in the UMLS is identified by its Concept Unique Identifier (CUI) 16 which includes a number of terms (also called atoms) that are synonymous. Moreover, the concepts are assigned to one or more semantic types that are identified by their Type Unique Identifiers (TUI) 16 . Example eligibility criteria and their parsing output is available at http://is.gd/EliXR2. For example, in clinical trial NCT00035308, for criterion "malignant disease or immunodeficiency syndrome," we extracted two UMLS concepts, "malignant disease"(CUI=C0442867) and "immunodeficiency syndrome" (CUI= C002105). The dictionary matching process involves generating all possible n-grams (i.e. a sequence of n consecutive words) of up to 5 words starting from the beginning of the sentences. The generated n-grams were matched against the UMLS atoms, and the longest matching n-gram was accepted and mapped to its CUI. After this processing step, the algorithm retained 39,900 distinct concepts. For each concept, we identified the number of uses in each cancer type and each year between 1999 and 2014.
The number of newly opened cancer trials over years showed an increasing trend as demonstrated in Figure 1 . Since the concepts are more likely to appear in the recent years, we normalized the yearly frequencies of the concepts by the total number of trials conducted each year and the number of disease pairs. We further utilized the semantic mapping in the UMLS to classify the concepts from the semantic groups Chemicals and Drugs, Procedures, Observation, and Disorders and Conditions. 
Assessing the Trend of the Concepts
We are interested in the temporal dynamics of the presence of the concepts in clinical trial eligibility criteria. Parametric and non-parametric statistical tests such as the Mann-Kendall test and Linear Regression are routinely used to identify the existence of a trend within time dependent data, and thus assess the positive or negative change over time. The Mann-Kendall test is a nonparametric statistical test for assessing monotonic trends in the data [17] [18] [19] . Using the standard design of hypothesis tests, we assume H 0 to be the null hypothesis that no monotonic trend is present and H A to be the alternative hypothesis. The null hypothesis is rejected at a significance level ! if the corresponding p-value is less than !. Linear regression 20 , on the other hand, is a parametric method where the significance of the linear relationship between an independent variable X and a dependent variable Y is tested. The relationship is described by a linear regression line, shown in equation (1) . Significance testing is performed to test for the slope ! " of the regression line to be non-zero, which would indicate a significantly increasing or decreasing trend in the use of a concept over time.
Unlike the Mann-Kendall test, linear regression can provide the slope (rate of change) information of the trend. Therefore, we considered 'year' as an independent variable (X) and the corresponding normalized frequencies of the concepts as the dependent variable (Y); and assessed the slope using linear regression. We tested the null hypothesis H 0 : " 1 = 0 using the F-statistic at a significance level of ! = 0.05. The H 0 null hypothesis is rejected if the p-value is smaller than 0.05, and H A which is " 1 # 0 is accepted 20 . The sign of the slope is interpreted as the direction of the trend (positive: up; negative: down); and the magnitude of its value is interpreted as its strength. For the cases in which the significance test failed to reject the null hypothesis, it is assumed that there is no change in trends.
Diseases Using Concepts that have Similar Trends
We generated a feature vector for each cancer type which encodes the direction of the trend of the concepts. Each disease feature vector is an n-dimensional array where n is the total number of concepts. The position of each concept within the feature vector is marked by -1, +1 and 0 if the slope of the concept is negative, positive, or equal to 0 respectively. The similarity between two feature vectors is measured using the Jaccard distance measure 21 which can take a value between 0 and 1 signifying the strength of the similarity. In our case, this is calculated by dividing the number of similarly trending concepts between two disease vectors by the number of concepts appearing to be trending in either of the vectors, and subtracting the result from 1. The lower the Jaccard distance measure is between two diseases, the more is the number of concepts with similar trends shared by them. 
Results
Increasing or Decreasing Trends
We found that 37.32% of all concepts from four semantic groups (N=1096) exhibit a downward trend, and 79.61% of them (N=2338) exhibit an upward trend in at least one cancer type. The concepts were ranked based on the percentage of the cancer types for which they exhibit upward or downward trends. The list of concepts shown in Table 1 was generated by taking the top 5 concepts from each group based on the percentage of the cancer types that they exhibit increasing or decreasing trends for. A detailed discussion of these trends is presented in the next section. Some of the concepts appeared to have a significant increasing or decreasing trend in only one type of cancer type. We identified them as disease specific concepts, and these constituted 32.55% of all concepts (N=956). 
Anomalous Trends
An interesting aspect of our study was to see how some of the concepts generally exhibit a trend for most cancers but the opposing trend for a particular type of cancer. "SGOT -Glutamate oxaloacetate transaminase" is one such concept which decreases for 31% (N=28) of cancers and increases only for hairy cell leukemia. Hairy cell leukemia is a very rare form of cancer and there are relatively few trials addressing it. Hence, this increase may be attributed to chance. "Corticosteroids" decreases in use for 13% (N=12) of the cancers and increases only in multiple myeloma trials. The decrease is due to the fact that this drug weakens the immune system and puts patients at risk for infections. However, in the case of multiple myeloma, corticosteroids form an important part of the treatment which may explain its elevated use 22 . Similarly, "Adrenal Cortex Hormones" decreases for 11% (N=10) of the cancers and increases only for multiple myeloma. Some studies have shown that multiple myeloma can be treated by massive amounts of adrenal cortex hormone 23 while others have warned about its side effects 24 .
The concept "X-Ray Computed Tomography" shows a decreasing trend only for two cancer types, i.e., brain cancer and astrocytomas, but increases in use for 21.3% of cancers (N=19). This may be attributed to the use of more sophisticated techniques for brain cancer and astrocytoma detection so that "X-Ray Computed Tomography" gets retired. Also, "Platelet Count measurement" is found to show an increasing trend only for multiple myeloma, whereas it decreases for 63% (N=56) of cancer types. Multiple myeloma is a relatively rare type of cancer, and platelet count has been found to be one of the most important prognostic factors for it 25 . In the Disorders and Conditions semantic group, two concepts "carcinoma in situ" and "squamous cell carcinoma of skin" showed anomalous trends. "Carcinoma in situ" is a very general term and in fact several concepts relating to carcinoma in situ for a particular organ were a part of our study. This concept trends upwards for 8% (N=7) and downwards for 37% (N=33) of cancer types. There were no anomalous trends detected for any of the organ specific carcinomas in situ and hence this disparity can be a result of the concept being too generic. The concept "squamous cell carcinoma" showed an increase only for multiple myeloma while it was decreasing for 31.5% (N=28) other cancer types. This can be attributed to this concept being organspecific to the skin. Figure 3 andFigure 4 show the groups of diseases with similar trending concepts for the semantic groups Chemicals and Drugs, and Procedures respectively. The graphs are generated by measuring the distance between the feature vectors of the cancer types (as described in Methods section) using the Jaccard distance measure. Only the connections between the diseases with a Jaccard distance smaller than 0.65 and 0.55 respectively are shown. The thresholds for the Jaccard distances were chosen independently in each figure for visual clarity.
Diseases with Similarly Trending Concepts
We hypothesized that some cancers would be clustered together for sharing many concepts with similar trends. This is well confirmed in Figure 3 , in which we showed four clusters divided by the red lines: one for the various types of leukemia, one for two types of lymphoma, one for sarcoma, and the last for other cancers. It is also interesting to note here that the fourth cluster shows the two types of lung cancer grouped together with breast cancer and two types of ovarian cancer. We investigated this cluster in detail and noticed that certain concepts such as "creatinine" and "filgrastim" decrease in their use significantly for breast cancer and the two types of lung cancer, and certain others such as "inhibitors", "baseline dental cement", and "HIV vaccine" increase for these cancer types as well. These concepts are more generic concepts, and not very disease-specific, and thus, we consider the fourth cluster as being associated with a more generic concept trend, shared by the three common cancer types, namely, ovarian, breast and lung cancer. It can also be seen that the diseases were similarly clustered for the Chemicals and Drugs and the Procedures semantic groups. An interesting observation is that lymphoma is the most connected cancer, showing similarity in concept trends with most other cancers, as shown in Figure 4 . Figure 4 . A network that shows shared concepts belonging to the Procedures semantic group with similar trend between cancer diseases. Each node represents a cancer type; and each edge represents the value of Jaccard distance measure between the two diseases it connects. Only the edges where the Jaccard measure is less than 0.55 are shown.
Also, the threshold used for the Jaccard similarity is much lower for the Procedures semantic group than it is for the Chemicals and Drugs semantic group. In spite of this, the number of cancer types which share similar trends in Procedures is much higher than that for the latter semantic group, as can be seen on comparison of Figure 3 and Figure  4 . This can indicate that concepts from the semantic group Procedures are more shared among cancer types, i.e. they represent more generic concepts. Although we cannot illustrate this with a figure due to the lack of space, the concepts from the semantic group Chemicals and Drugs were more disease-specific, and hence less shared among cancer types.
Concepts with Complementary Trends within a Specific Disease
The next part of the analysis was to assess the trends in the four most common cancer types: breast cancer, prostate cancer, lung cancer and skin cancer. The concepts which were increasing or decreasing for prostate, lung and skin cancer were found to show the same trend for most other cancer types. The concept "hormone receptor" showed the strongest decline in breast cancer. However, the concepts "estrogen receptor" and "progesteron receptor" showed substantial increase. This phenomenon can be attributed to the fact that hormone has been replaced by the more specific hormones "estrogen" and "progesteron" 26 in practice. The concept "erbB-2 receptor" demonstrated the sharpest increase for breast cancer. This is shown in Figure 5 where the frequency change of the concept "erbB-2 receptor" is shown along with 17 other types of cancer which are the only ones that the concept exhibits significant trends for. Amplification of this protein converts cultured cells into a cancerous phenotypes, which is known to occur in 15-20% of breast cancers 27 . The increase of "Erbium" in breast cancer (along with epithelial ovarian cancer and uterine sarcoma) may be due to the development of the vaginal erbium laser, which is used for thermotherapy in breast cancer survivors 28 . It was also interesting to note that the concepts "Alanine Transaminase" and "Calcium" had rising trends for about half of the cancers.
Discussion
Interpretation of the Trends
We tried to identify related medical literature to help interpret the trends shown in Table 1 . The upward trending concepts can be potentially attributed to rising awareness of the related patient characteristics or screening methods. Several of the concepts trending upward are about cancer prevention agents and a few others are related to general health. The development of a Human Immunodeficiency Virus (HIV) vaccine has received tremendous funding 29 . Clinical trials for HIV vaccines are often used to screen cancer patients according to the National Institutes of Health website 30 . Due to the increased awareness about drug abuse (resulting in lower use as reported by Substance Abuse and Mental Health Service Administration 31 ), the use of drugs such as cocaine is becoming an important patient screening criterion in any clinical study.
The recent discovery of the structure of the enzyme CYP3A4 has led to active research on it 32 . It was found that "Cytochrome P450 3A4" (in combination with the bioreductive drug, AQ4N) enhances the anti-tumor effects of radiation and chemotherapy drugs 33 . "Crotoxin" is the venom of a South American rattle snake which has been found to have anti-tumor actions 34 . This has led to its increased use in several cancer trials, such as the one discussed in Cura et al 35 . "Catechin", another concept which shows an increasing trend, is a constituent in green tea and has proved to be a cancer prevention agent 36 . There have been several clinical trials to validate this property 37 .
Further, pain alleviation is an important aspect of cancer treatment and therapy, and many clinical techniques exist for this. Recent years has seen a surge in the use of interventional 38 and cognitive therapies 39 for pain management and relief for cancer patients, which could suggest the increase in the incidence of these two types of therapies in cancer trial eligibility criteria text, as seen in Table 1 . The use of barrier contraceptive methods as a form of birth control, as compared to oral contraceptive methods, has increased over the last few years 40 , which may confirm the trend observed in the increasing incidence of the concept "Contraception Barrier".
The concepts that demonstrated the largest decreasing trends across most cancer types can be associated with certain research results for these chemicals. We give some possible explanations for these trends observed in Table 1 . Although "creatinine" has been found to be strongly correlated with cancer detection, a recent study has shown that serum creatinine is being replaced by biomarkers such as serum cystatin C for the early detection of renal impairment in cancer patients 41 . This may explain the decrease in the use of "creatinine" as a concept for cancer trial eligibility criteria. Another possible reason is that "creatinine clearance" is considered superior to "creatinine" for measuring kidney function therefore the latter has been gradually replaced by superior alternatives such as "creatinine clearance".
The radiosensitizer "mitomycin" has also been shown to be rarely used for certain types of cancer because of certain adverse effects that were observed 42 , which may explain its decreasing incidence in cancer trial eligibility criteria. Some other concepts which showed the largest downward trends across all cancer types were "bilirubin", "anti-emetics" and "hormone receptor". The chemical "hormone receptor" shows a decreasing trend, while the chemical "inhibitor" shows an increasing incidence of use, in an almost equal percentage of cancer disorders. One interesting observation is that many of the concepts that show decreasing trends are related to chemotherapy-induced effects. For example, "creatinine" is used for renal failure detection caused by chemotherapy, "mitomycins" are popular as chemotherapeutic agents, "bilirubin" is often studied as an indicator of liver failure as a result of chemotherapy, and "antiemetic" drugs are prescribed to prevent emesis caused by chemotherapy.
All procedure-based concepts which showed the strongest declines in their use relate to cancer therapies with adverse side effects or risks. "Chemotherapy regimens" have long been used as a cancer therapy but recent trends show increase in the number of intermediate risk regimens and usage in early stage cancer 43 . Combining with radiotherapy ("combined modality therapy") amplifies the side effects but has not shown additional benefit 44 . Several sources such as 45 and 46 have warned about the side effects of "hormone therapy" and "biological response modifier therapy" which might require hospital stays. "Pharmacotherapeutics" are associated with weakening of the immune system 47 .
Limitations
Although this study represents a vital step in eligibility criteria trend analysis, there is still a large scope for extending this work in future studies. Firstly, clinical concepts were identified in this study using the UMLS ontology through a dictionary matching approach for named entity recognition (NER). Although this approach is straightforward in its implementation, it suffers from various limitations such as false positives caused by the ambiguity of names and false negatives created by differences in spelling and synonymous concepts 48 . Another disadvantage of the dictionary-based approach is that it is based on the assumption of completeness of the existing UMLS dictionary, since this approach can only recognize concepts listed in UMLS. However, dictionaries are often not complete or comprehensive as they may not contain uncatalogued and emerging concepts 49 . A future work would involve the use of machine learning approaches to create more comprehensive and intelligent algorithms for NER and using these methods for concept recognition, and in turn, trend analysis of more accurately extracted concepts.
Secondly, concept recognition in this study was based purely on the appearances of the concepts in the clinical texts associated with cancer trials. Hence, there was no distinction between concepts appearing in the inclusion and exclusion criteria for clinical trials. Consideration of this distinction and application of sophisticated negation detection techniques to review concepts that are present only in either the inclusion criteria or the exclusion criteria might represent a more thorough approach to study the trend analysis of the concepts in clinical trials.
Furthermore, this study focused only on the concepts belonging to the Chemicals and Drugs, Procedures, Observations, and Disorders and Conditions semantic groups. However, clinical trial texts may include eligibility criteria from other semantic groups. Including concepts from these semantic groups will lead to a more holistic study of trend analysis, with direct applications to all domains of cancer trial design. Finally, this study can be extended to address trials from many domains of medical research, other than just cancer trials that this paper focused on.
Conclusions
This study demonstrates some interesting trends in the use of certain eligibility criteria for screening patients into cancer clinical trials. Possible medical evidences related to the observed increases, decreases and anomalies in the use of cancer trial concepts were discussed. In the future, validation of these findings by clinicians and further interpretation would be a beneficial addendum. The results from this study may translate well to future clinical studies so that clinicians and medical researchers can utilize this prior knowledge of concept trends to come up with better designs for clinical trials. This study can also be extended in the future to include concepts from other semantic groups for cancer trials, to study inclusion and exclusion criteria separately, and also expand to fields other than cancer disorders. This could enable a more holistic trend analysis of concepts, and ultimately, to better aid clinical research design. It would be of interest to see if the time of incidence of discovery of the various medical prognoses and interventional measures mentioned in the previous section correlates with start time of the rising trend. This would show us how long it takes for discoveries to be translated into clinical research practice and their wide adoption.
